Abstract: Poor performance of a control loop is usually caused by poor controller tuning, presence of disturbances, control loop interactions and/or loop nonlinearities. The presence of nonlinearities in control loops is one of the main reasons for poor performance of a linear controller designed based on linear control theory. In a control loop, nonlinearities may appear either in the control instruments such as valves and positioners or in the process. Among the control valve nonlinearities stiction, deadband, deadzone, hysteresis and saturation are most common. A nonlinear system often produces a non-Gaussian and nonlinear time series. The test of Gaussianity or nonlinearity of a control loop variable serves as a useful diagnostic aid towards diagnosing the causes of poor performance of a control loop. Two indices, the Non-Gaussianity Index (NGI) and the Non-Linearity Index (NLI), developed in [1] are used to detect the possible presence of nonlinearity in the loop. These indices together with specific patterns in the process output (pv) vs. the controller output (op) plot can be conveniently used to diagnose the causes of poor control loop performance thus ensuring smooth operation of the plant. The method has been successfully applied to many industrial data sets. One of the interesting case studies is presented in this paper. The results of the analysis were confirmed and the results after the troubleshooting was performed are also presented.
Introduction
In the process industry, control and automation is increasingly the route to achieve various objectives such as maintaining world class quality of the product, reducing operating and maintenance cost, enhancing operators' safety, meeting environmental and occupational health regulations, optimizing resource manage- Figure 1 : Global multi-industry performance demographics * Corresponding author Email: shoukat@che.buet.ac.bd ment and increasing profitability. One manifestation of this increased automation is an increasing number of controllers and control loops in process industries. A process control plant may have anywhere from a few control loops to several thousands, depending on the complexity of the plant from the perspective of control. The performance assessment and monitoring of the performance of these control loops are crucial to the achievement of the desired objectives. Performance demographics of 26,000 PID controllers collected over a period of two years and across a large range of continuous process industries have been discussed by [2] . The results are reproduced in Figure  1 .
Each type of control loop (flow, pressure, level, temperature, etc.) was classified into one of the five categories -excellent, acceptable, fair, poor and open loop-based on a combined algorithm of minimum variance benchmark and an oscillation metric. The classifications were further refined through extensive validation and feedback from industry to reflect controller performance relative to practical expectations for each measurement type. It is evident from Figure  1 that only a third of the loops are performing well or in an acceptable fashion. The other two-thirds have significant opportunity for improvement. The key to c Bangladesh Uni. of Engg. & Tech.
improving their performance is to diagnose the causes behind their poor performance. Figure 2 shows a typical control loop under feedback configuration. The objective of this control loop may be either set point tracking or disturbance rejection. In practice, data for only three measurements for each control loop are available. They are set point (SP), controlled variable (PV), and controller output (OP or sometimes also termed CO or MV) signals. The measurement of actual control valve stem position is seldom available. Many authors [3] [4] [5] [6] have discussed methods, for example, minimum variance benchmark and settling time benchmark, to estimate controller performance or loop performance from routine operating data. In many cases, this information is also available from plant engineers or operators, who are dissatisfied with the poorly performing loops. The challenge here is to identify the root cause of a poorly performing loop from routine operating (SP, PV and OP) data. 
Problem Description

Causes of Poor Performance
Jelali [7] In most process applications, the derivative components of PID controllers are left out because of the inability or lack of expertise in designing a good filter required to use the derivative (D) part of the controller. Birgitta [9] and Adeleye [10] have showed that with the use of either first or second order filters, a PID controller can significantly improve the control performance over a PI controller. Also, for processes having significant time delays, substantial improvement in closed-loop performance can be achieved if PID controllers are used instead of PI controllers. f. Presence of Nonlinearities: Loop nonlinearities can cause poor performance because controllers are usually designed based on linear control theory assuming everything in the loop is locally linear. The nonlinearities in a loop may arise due to the presence of actuator or valve nonlinearities and/or nonlinear nature of the process itself.
Methodology for Poor Performance Diagnosis
Poor control performance can be attributed to specific causes related to either linearity or nonlinearity. The linearity related causes include tightly tuned controllers, linear oscillatory disturbances and loop interactions. The nonlinearity related causes include valve nonlinearities or process nonlinearities.
Detection of loop nonlinearity
A control loop containing valve nonlinearities often produces non-Gaussian (e.g., a signal with asym-metric distribution) and nonlinear time series, namely process output (PV) and controller output (OP) data. Higher order statistics based nonlinearity assessment can be used as a diagnostic tool for troubleshooting of hardware faults that may be present in the control loop [11, 12] . The test of Gaussianity and nonlinearity of the control error signal (SP-PV) is a useful diagnostic aid for determining the poor performance of a control loop. The test described in [1] uses the sensitivity of the normalized bispectrum or bicoherence to detect the presence of nonlinear interactions in the signal. A distinctive characteristic of a nonlinear time series is the presence of phase coupling such that the phase of one frequency component is determined by the phases of others. Phase coupling leads to higher order spectral features that can be detected in the bicoherence of a signal. The nonlinearity test applied here uses bicoherence to assess the nonlinearity. Bicoherence is defined as:
where B( f 1 , f 2 ) is the bispectrum at frequencies (
and is given by:
is the discrete Fourier transform of the time series x(k) at the frequency f 1 , X * ( f 1 ) is the complex conjugate and E is the expectation operator. A key feature of the bispectrum is that it has a non-zero value if there is a significant phase coupling in the signal x between frequency components at f 1 and f 2 . The bicoherence gives the same information but is normalized as a value between 0 and 1.
In Choudhury et al. [12] , two indices -the Non-Gaussianity Index (NGI) and the NonLinearity Index(NLI)-have been defined as:
The logic flow diagram in Figure 3 demonstrates the application of HOS based techniques in distinguishing linear and nonlinear causes of poor control performance. First, the control error signal is examined by the HOS based nonlinearity test. If nonlinearity is not detected, the focus of the diagnosis should be on controller tuning or on the possible presence of an external linear oscillatory disturbance. If both NGI and NLI are greater than their statistical critical values, then the signal is described as non-Gaussian and nonlinear. After a loop is identified as nonlinear, the causes of nonlinearity should be diagnosed. With the assumption of a locally linear process, it can be concluded that the valve is the most likely responsible element for the loop nonlinearity. The next problem is to diagnose whether this valve nonlinearity is due to stiction or some other problems. An elliptical pattern in the pv-op plot is an indication of valve stiction.
Quantification of Valve Stiction
Strictly speaking, all valves are sticky to some extent. A detection and diagnosis algorithm can identify stiction in a large number of control valves. Some of them may be sticky by an acceptably small amount for the current application in hand while others may suffer from severe stiction and need immediate maintenance of the valve. Therefore, it is important to be able to quantify stiction so that a list of sticky valves in order of their maintenance priority can be prepared. It is well known [13] [14] [15] [16] that the presence of stiction in control valve in a control loop produces limit cycles in the controlled variable (pv) and the controller output,op. For such a case, if pv is plotted against op, it produces cyclic patterns in the resulting pv-op plot. This is a level control loop in a power plant which controls the level of condenser located at the outlet of a turbine by manipulating the flow rate of the liquid condensate. Figure 4a shows the time trends of the sp, pv, and op data. The values of NGI and NLI calculated for this loop were found to be 0.32 and 0.83. These indices clearly indicate that nonlinearity was present in this loop. Figure 4b shows a typical pv-op plot for a sticky loop. A large number of such plots can be found in Choudhury et al. [17] , where stiction models were used in a closed loop SISO system to produce data for these plots. An ellipse can be fitted to such a pv-op plot (shown in the figure). The stiction can be quantified or estimated as the maximum width of the cycles of the pv-op plot at the direction of op. The quantified stiction is termed as 'apparent stiction' because the actual amount of stiction to be obtained from the mv-op plot may differ from the estimated quantity because of the effect of loop dynamics on the controlled variable, pv, in particular, the effect of the controller to compensate or fight stiction.
Stabilization of the Operation of a Plastic Manufacturing Process
The methodology described above was used to stabilize one unit of a polymerisation unit in a plastic plant. The idea was to identify and correct the root cause which was destabilizing this particular unit. This particular polymerisation unit produces 55000 ton/year of 30 different grade polymers. The melting indices of these polymers vary from 0.3 to 1000 Nonlinear and STICTION revealing the wide variation of process characteristics. The schematic process flow diagram of the unit is shown in Figure 5 . The unit has 21 control loops. Data were collected with a sampling period of 1 s for these loops. The data analysis results are shown in Table 1 . The table shows that two control loops are suffering from valve stiction. When P&I diagram of the process was consulted, it was found that they belong to the purge gas separator vessel. The schematic of the purge gas separator vessel is shown in Figure 6 .
This unit of process includes three coupled control loops -input pressure control loop (PIC), Flow control loop (FIC) and the level control loop (LIC). Standard PI control has been used on all these loops. Normalized time trend data for these loops are shown in Figure 7 . It can be observed from this figure that Loop PIC and FIC have sustained oscillation with one dominant frequency. This indicates that the oscillations in flow and pressure control loops may have been caused by one single source. Loop LIC shows that the controller output is saturated at 0% causing an oscillation with a period of 313 samples.
From Table 1 , it can be observed that all three control loops are nonlinear. The pv-op plots for both flow and pressure control loops are shown in Figure 8 . As can be seen from Figure 8 , the automatic stiction detection algorithm finds stiction in both flow control loop and pressure control loops. This is the limitation of currently available stiction detection methods because all methods ignore the multivariate nature of the process industries. Since both loops had interactions, it is possible that only loop has valve stiction and the other is getting the oscillation from it. Therefore, another test is needed to find the actual sticky valve. The nonlinearity index (NLI) suggests that the nonlinearity in loop FIC is higher than that of the PIC loop. On further testing of the flow loop only in manual mode it was found that movement of the flow loop valve in the 5-40 % range caused no change in the flowrate. Therefore it was concluded that the flow control valve has stiction problems. The positioner of this valve was replaced with a new positioner. Figure 9 shows the behaviour of the PV's before and after the positioner change. The figure is obtained from the DCS screenshot. Figure 9 shows the PV of the loops before and after the positioner was changed. Before the problem was detected by stiction detection algorithm, plant engineers tried to resove the problem by tuning the controller. From the figure, it can be observed clearly that the loops performance could not be improved with just tuning before the positioner change (in the left). After the positioner was replaced, the oscillations were eliminated from the FIC and PIC loops. However, the level loop was still oscillating. A close look at the controller output data of this loop shows that this valve was saturating near 0% position. Retuning the level loop controller removes the saturation and the oscillation as well. Figure 10 shows the behaviour of all three loops after the positioner of the flow control valve of the FIC loop was changed and the level controller was retuned. It is clear from this figure that the whole unit is operating smoothly.
Conclusion
This paper described a higher order statistics based method to identify root-causes of poorly performing control loops. Two indices -NGI and NLI -can be used to identify nonlinear control loops in a plant. Then the specific pattern of the pv-op mapping of each control can be used to diagnose the problem further. The stabilization of an industrial process unit operation through the use of data driven techniques have been presented. The industrial case study demonstrates the practicality and usefulness of the technique described in this study. 
